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fMRIReal-time functional magnetic resonance imaging (rt-fMRI) neurofeedback can be used to train localized, con-
scious regulation of blood oxygen level-dependent (BOLD) signals. As a therapeutic technique, rt-fMRI
neurofeedback reduces the symptoms of a variety of neurologic disorders. To date, few studies have investigated
the use of self-regulation training using rt-fMRI neurofeedback to enhance cognitive performance. This work
investigates the utility of rt-fMRI neurofeedback as a tool to enhance human cognition by training healthy indi-
viduals to consciously control activity in the left dorsolateral prefrontal cortex (DLPFC). A cohort of 18 healthy
participants in the experimental group underwent rt-fMRI neurofeedback from the left DLPFC in ﬁve training
sessions across two weeks while 7 participants in the control group underwent similar training outside the
MRI and without rt-fMRI neurofeedback. Working memory (WM) performance was evaluated on two testing
days separated by the ﬁve rt-fMRI neurofeedback sessions using two computerized tests. We investigated the
ability to control the BOLD signal across training sessions and WM performance across the two testing days.
The group with rt-fMRI neurofeedback demonstrated a signiﬁcant increase in the ability to self-regulate the
BOLD signal in the left DLPFC across sessions. WM performance showed differential improvement between test-
ing days one and two across the groups with the highest increases observed in the rt-fMRI neurofeedback group.
These results provide evidence that individuals can quickly gain the ability to consciously control the left DLPFC,
and this training results in improvements of WM performance beyond that of training alone.
© 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).Introduction
New techniques to induce and control neural plasticity hold the
promise of enhancing recovery from brain injury (Jenkins and
Merzenich, 1987; Wieloch and Nikolich, 2006), combating brain
disease (Baroncelli et al., 2011; Sakas et al., 2007), and even im-
proving human performance in healthy subjects (Buschkuehl
et al., 2008; Garlick, 2002; Jaeggi et al., 2011; Jausovec and
Jausovec, 2012). A number of methods are being explored to induce
and control neuroplastic processes, including cognitive training
(Kleim et al., 2004; Oleson et al., 2004; Pleger et al., 2003), pharma-
cotherapy (Delacour et al., 1990; Ehrenreich et al., 2008; Greuel
et al., 1988), electrical and magnetic stimulation (Fraser et al.,ory variable; rt-fMRI, real-time
emory.
Institute, 4035 Colonel Glenn
rwood).
. This is an open access article under2002; McKinley et al., 2013; Pascual-Leone et al., 1998; Ziemann
et al., 2002), and self-modulation of brain regions and networks
based on neurofeedback (Birbaumer and Cohen, 2007; Daly and
Wolpaw, 2008; Ros et al., 2010). Of these techniques, self-
modulation methods have the advantage of no known side effects,
as well as straightforward translation to neurophysiological exer-
cises that could be performed at home without the use of sophisti-
cated equipment and trained professionals (Mak and Wolpaw,
2009; Vaughan et al., 2006).
Real-time functional magnetic resonance imaging (rt-fMRI) has
been enabled by recent advances in image acquisition, reconstruction,
and display of the blood oxygen level-dependent (BOLD) signal. This
technique can beused as a tool to deliver region-speciﬁc neurofeedback.
A number of previous studies have demonstrated the efﬁcacy of rt-fMRI
neurofeedback to elicit self-control of localized BOLD signals (Sulzer
et al., 2013a) although few show an impact on behavior or cognition.
deCharms et al. (2005) applied a controlled rt-fMRI neurofeedback
study to inﬂuence symptoms of chronic pain. In their study, signiﬁcant
changes in pain perception and chronic pain were produced by learningthe CC BY license (http://creativecommons.org/licenses/by/4.0/).
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(rACC). Rota et al. (2009) used rt-fMRI neurofeedback of right inferi-
or frontal gyrus (IFG) to improve accuracy on emotional prosodic in-
tonation. Right IFG modulation did not, however, inﬂuence syntactic
processing. Sham rt-fMRI neurofeedback of the right IFG impeded
learning processes in a control group. Ruiz et al. (2013) trained
self-regulation of the bilateral anterior insula through rt-fMRI
neurofeedback in a group of schizophrenia patients. The success of
self-regulation was negatively correlated with negative symptoms and
duration of illness. In addition, patients detected signiﬁcantly more dis-
gust faces in a post-training face emotion recognition evaluation. Young
et al. (2014) performed rt-fMRI neurofeedback of the left amygdala on a
group of unmedicated patients suffering from major depressive disor-
der. Signiﬁcant reductions in self-reportedmeasures of depression, anx-
iety, anger, restlessness and irritability were measured. A signiﬁcant
increase in the rating of happiness was also observed. These encourag-
ing results demonstrate that direct control over neurophysiology can
inﬂuence behavior and cognition.
We hypothesized that rt-fMRI neurofeedback can be used to learn
self-regulation over the BOLD signal in the left DLPFC. Learning self-
regulation from rt-fMRI neurofeedback has produced signiﬁcant behav-
ioral effects (deCharms et al., 2005; Haller et al., 2010; Linden et al.,
2012; Rota et al., 2009; Ruiz et al., 2013; Scharnowski et al., 2012;
Shibata et al., 2011; Sitaram et al., 2012; Subramanian et al., 2011;
Young et al., 2014; Zhang et al., 2013a) resulting from neuroplastic
changes of learned self-regulation. Lee et al. (2011) reported that
neurofeedback training reinforces pertinent functional networks while
extraneous connections are weakened. Haller et al. (2013) exhibited
that neurofeedback learning is mediated by widespread alterations in
learning networks and the application of learned self-regulation in-
volves more limited and speciﬁc network changes. These changes are
described by the Hebbian theory which details neuroplasticity during
the learning process (Hebb, 1949). Neuroplasticity is engaged through
the repetitive stimulation of the postsynaptic cell from the presynaptic
cell. In short, the synapses of neurons ﬁring together are reinforced
resulting in an increase in synaptic efﬁciency. The left dorsolateral pre-
frontal cortex (DLPFC) plays an important role in working memory
(WM; D'Esposito et al., 2000) and higher levels of attentional control
(Posner and Presti, 1987). Thus, we hypothesize that self-regulation of
the left DLPFC would lead to improved synaptic efﬁciency of the WM
and attentional control networks. These changes would lead to im-
proved performance on tasks that rely on WM and attentional control
beyond that of training alone. To test these hypotheses, we examined
the effect of rt-fMRI neurofeedback on control over the BOLD signal in
the left DLPFC as well as pre- and post-training performance of n-back
WM, prospective WM, and vigilance tasks.
Methods
Participants
Prior to being enrolled, each participant completed a telephone
screening to qualify for the study. All participants gave their written
informed consent to participate in the experiment, which was ap-
proved by the Institutional Review Board of Wright State University.
The study of the experimental group was further approved by the Air
Force Surgeon General. All participants were compensated equally
for their involvement.
Thirty-two individuals participated in the experiment. The partici-
pantswere separated into two groupswhich receiveddifferent training:
experimental (those receiving rt-fMRI plus task experience) and control
(those receiving task experience alone). Neither the experimental
group nor the control group was aware that there was a separate
group or condition. The experimental group started with twenty-one
individuals. However, one participant did not complete all training ses-
sions, one had incomplete data, and the performance for another wasbelow three standard deviations from the group mean. The remaining
eighteen right-handed, healthy volunteers (10 males), ages 19–35
(mean 23.3) with normal or corrected-to-normal vision and not medi-
cated for neurological or psychiatric disorders constituted the experi-
mental group.
Eleven individuals started in the control group. However, one partic-
ipant was unable to complete all training sessions, another had incom-
plete data, and two had performance scores below two standard
deviations from the group mean. The remaining seven right-handed,
healthy volunteers (4 males), ages 18–25 (mean 21.9) with normal or
corrected-to-normal vision and not medicated for neurological or psy-
chiatric disorders constituted the control group. This group completed
n-back training plus attempted self-regulation of working memory by
performing similar imagined tasks as the participants in the experimen-
tal group but without the additional aid of rt-fMRI neurofeedback.
Experimental design
An overview of the experimental procedure and subject display is
shown in Fig. 1. Prior to training and testing, all participants signed in-
formed consent documents detailing the requirements of participation
and were familiarized with the testing apparatus. Training was per-
formed across ﬁve sessions, no more than one per day, within 14 days.
Training consisted of the n-back task followed by self-regulation train-
ing. For the experimental group, self-regulation of DLPFCwas visualized
with rt-fMRI neurofeedback. Pre- and post-training behavioral assess-
ments were conducted utilizing n-backWM, prospective WM, and vig-
ilance tasks. Practice effects are well documented for n-back WM,
prospective WM and vigilance tasks (Jaeggi et al., 2008). Therefore we
chose a pure behavioral control group to rule out the possibility that
practice effects inﬂuenced our behavioral effects. The control group per-
formed the same procedures, including attempted self-regulation over
WM, but was not supplied with rt-fMRI neurofeedback. Additionally,
MRI scans were not performed on the control group. deCharms et al.
(2005) used this type of control group along with four others to evalu-
ate nonspeciﬁc effects of rt-fMRI neurofeedback from the rACC. Others
have implemented a similar control group within the MRI (Caria et al.,
2007; Johnston et al., 2011; Linden et al., 2012; McCaig et al., 2011).
Session one began with a behavioral assessment performed outside
the scanner for both groups (see Behavioral assessment section) follow-
ed by training (see Training section). Sessions two through four in-
volved only training. Session ﬁve consisted of training followed by a
second behavioral assessment outside the scanner.
MRI acquisition
MRIs were collected for the experimental group on a 1.5 Tesla
(T) MR scanner (Siemens MAGNETOM Avanto, Siemens, Erlangen,
Germany) using an 8-channel birdcage head coil. Participants were
positioned on the scanner table supine. Their head was stabilized
using foam pads attached to the head coil and their armswere placed
at their side. Task instructions and the neurofeedback display were
delivered using an MR-compatible digital video projection system
(BrainLogics MRI Digital Projection System, Psychology Software
Tools Inc., Sharpsburg, PA), which the participants viewed via a mir-
ror ﬁxed to the top of the head coil. Noise-canceling headphones
(Avotech Audio System, Psychology Software Tools Inc., Sharpsburg,
PA) were used for audio communication with the participants. Each
training session consisted of task training, self-regulation practice,
and self-regulation.
BOLD data was acquired using a gradient-recalled-echo (GRE) se-
quence with a 64 × 64 element matrix, 24 slices parallel to the AC–PC
plane, 4 × 4 × 5 mm3 voxel size, 1 mm slice gap, TR/TE = 2000/
40 ms, and a ﬂip angle of 90°. High-resolution T1-weighted structural
images were acquired using a 3D Magnetization-Prepared Rapid-
Acquisition-Gradient-Echo (MPRAGE) sequence with a 256 × 256
Fig. 1. Experimental design overview. The ﬁrst session began an initial behavioral assessment using the computerized tests followed by training. Only training was completed on the
second, third and fourth sessions. The ﬁfth session began with training followed by a ﬁnal behavioral assessment using the computerized tests.
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al scans, 1 × 1 × 1 mm3 voxel size, TR/TE = 500/15 ms, and a ﬂip angle
of 15°.
Behavioral assessment
Two computer-based tests were used to quantify cognitive perfor-
mance before and after the training regimen. The ﬁrst test was a 2-
back variant of the n-back task, using single letters from the English
alphabet as stimuli. Each letter appeared for 500 ms with an inter-
stimulus interval of 2500 ms. The total duration of the n-back task was
6 min. Participants were required to respond to every stimulus signify-
ing whether or not the current letter was the same as 2-back in the list.
The probability of the 2-back condition being satisﬁed on any trial was
40%. The participants were instructed to respond as quickly and accu-
rately as possible with a time-limit of 2500 ms following the presenta-
tion of each letter.
The second computer test was a dual-task scenario utilizing a dash-
board based on cyber defense operations (Cyber Defense Task, CDT).
This task was developed in conjunction with the U.S. Air Force andFig. 2. Example display of the Cyber Defense Task (CDT). The CDT graphical task contains a thre
from right-to-left as new points are added. Participants were instructed to respond to each po
address, source port, destination address, and destinations ports of stimulated network activity
ipants were instructed to respond when speciﬁc target IP addresses appear at the top of the deselected for its applied military relevance. Although this task is not
well documented, unpublished pilot experiments indicated bilateral
DLPFC, anterior cingulate cortex, and inferior frontal gyrus activation
along with other regions. Improving performance on this task may
lead to enhanced military effectiveness, a target objective for the
funding agency and project scope of work. One of the components
was a vigilance task consisting of a plot, scrolling right-to-left, simulat-
ing the instantaneous load on a computer network (Fig. 2; referred to
as CDT graphical). The plot was updated once per second. Participants
were instructed to respondonlywhen a newpointwas above awarning
threshold (indicated by a red line) set at 75% load. The second compo-
nent was a prospective WM task consisting of a continuously-updated
list of destination IP addresses, scrolling top-down, thatwas representa-
tive of computers connected to the network (Fig. 2; referred to as CDT
textual). The list was updated once per second. Participants were
instructed to respond only when a new addition to the list matched
an item from a target list of IP addresses pre-determined to be suspi-
cious. All participants received the same list containing three target des-
tination IP addresses before testing began. Separate target lists were
generated for pre- and post-training behavioral assessment sessions.shold line (red) and plotted points (green) which update once per second. The plot scrolls
int appearing above the threshold line. The CDT textual task contains a timestamp, source
. The list scrolls top-to-bottom as the network activity is updated once per second. Partic-
stination address list.
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components, 15% of the 120 updates in each two-minute trial were
target items.
Training
Training beganwith a single run of an n-back task executed in a box-
car design with control and n-back blocks repeated four times. The
blocks had a duration of 48 s. The n-back condition was identical to
that described above. Letters in the n-back task were replaced with a
ﬁxation point for the control condition. Participants were instructed to
alternate between right and left responses with each presentation of a
ﬁxation point.
This experimental group's ﬁrst run was used to identify the left
DLPFC and is referred to as the “functional localizer”. Immediately
following acquisition, the BOLD data underwent pre-processing imple-
mented in custom MATLAB and C++ software that included standard
spatial ﬁltering (2D, 5-point Gaussian low-pass kernel, full-width half-
maximum of 9 mm), motion correction (corrected to the ﬁrst volume
using a rigid-body 3-parameter model), and temporal ﬁltering (5-point
Gaussian low-pass kernel, sigma of 3 s) processing functions (Friston
et al., 1995). A single explanatory variable (EV)was deﬁnedby convolving
a boxcar model containing 48 s control and 48 s task conditions with a
pre-deﬁned hemodynamic response function (HRF; Ashby, 2011). The
BOLD data at each voxel were ﬁt to the model using a general linear
model (GLM) by applying a weight of +1 to the EV, representative of ac-
tivation (positive correlation to the model). The resulting β-parameter
maps were converted to t-statistic maps using standard statistical trans-
forms. The activation map from this functional localizer was used to de-
termine the region in the left DLPFC to derive the feedback signal for
the neurofeedback training that followed. Voxels were added to the re-
gion of interest (ROI) by ﬁrst locating the axial slice in which the superior
surface of the ventricles was visible. Next, activation patterns on the left
lateral hemisphere near the anterior side of the ventricles were observed.
Voxels within this region responding robustly to the n-back task were
added to the ROI to complete the determination of the functional
localizer. The placement of the ROI across participants and sessions is rep-
resented in Fig. 3.
Next, a single run of feedback familiarization was completed. Partic-
ipants fromboth groupswere instructed to perform the n-back task and
not attempt self-regulation. For only the experimental group, the task
was overlaid on the feedback signal. A single repetition of the control
and n-back blocks, identical to the functional localizer, was applied by
presenting the task stimuli on upper-right side of the line plot. For the
control group, the task stimuli were presented in the center of the
screen. This run familiarized the experimental group with the feedback
signal, the expected results of activating the voxels selected from the
functional localizer, and the hemodynamic delay associated with this
activation. This run was carried out in the control group to mimic the
training conducted by the experimental group and ensure the same
amount of n-back training was performed.Fig. 3.Average rt-fMRI neurofeedback ROI. The proportion of the number of times each voxel w
ing (blue–light blue). The ROI map is projected on the MNI-152 T1 2 mm standard atlas and dFor the experimental group, BOLD data was acquired using the same
scan parameters as described for the functional localizer. Eight volumes
were acquired prior to the start of the n-back task to determine a base-
line BOLD signal value for the selected voxels. During the n-back task, a
feedback signal was computed to be displayed to the participants from
real-time analysis of BOLD data. This real-time analysis was implement-
ed in customMATLAB and C++software that included standard spatial
ﬁltering (5-point Gaussian low-pass kernel, full-width half-maximum
of 9 mm) and motion-correction (corrected to the ﬁrst volume of the
functional localizer using a rigid-body 3-parameter model) processing
functions (Friston et al., 1995). This custom software further compared
the average BOLD signal in the voxels selected from the functional
localizer at baseline to that of the current volume to derive the percent
signal change. The current feedback signal was determined by
temporally-ﬁltering (5-point Gaussian low-pass kernel consisting
of only past components, sigma of 3 s) the percent BOLD signal
change with the feedback signals from previous volumes. This feed-
back signal was presented to the participants using a continuously-
updated line plot scrolling from right-to-left.
The third run was self-regulation training. Participants performed
four repetitions of rest and task blocks in a boxcar-design. During rest,
every participant was instructed to relax and clear their mind. During
task, every participant was instructed to perform a mindfulness task
wherein they could increase brain activity associated with WM by
recalling their drive to the experiment site, thewalk to the experimental
room from the parking lot or a recent phone call, or performing mental
math such as square roots. Also, the participants were informed not to
use the response devices and to remain as still as possible. Each rest
and task block was 48 s.
The additional aid of feedback regarding the activity of the left DLPFC
during the second and third runs was only supplied to the participants
in the experimental group. The baseline and percent BOLD signal
change for the voxels selected from the functional localizer were cal-
culated as described above. During this acquisition, the participants
viewed the plotted feedback signal and task instructions on the
upper right side of the plot. The control group was not supplied
with feedback or the feedback line plot but only the task instructions
centered on the screen. Both groups were instructed that gaining
self-control over the left DLPFC may result in improved WM, and
that the supplied training may help them achieve self-control. More-
over, both groups were aware that the goal of the project was to im-
prove cognitive performance.
Data processing and analysis
Performance on the computer tests was determined by calculating a
sensitivity score (d′) for each test (CDT graphical, CDT textual, and n-
back). Prior to this computation, the data were pre-processed to correct
for delayed responses by removing trials where responses occurred
within 150ms of the stimulus onset. For these incidences, the preceding
trial was removed only if it did not have a response. On average, 4.075%as selected from the functional localizer as a part of the left DLPFC for neurofeedback train-
isplayed in radiological convention at the coordinate z = 26, 32, and 38 mm.
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back trials were removed. Hit and false alarm ratesweremeasured from
the pre-processed data. The Z-transform of the hit and false alarm rates
were determined from the standard normal distribution. Finally, d′was
calculated for each test by subtracting the Z-transformof the false alarm
rate from that of the hit rate. Additionally, the average reaction timewas
computed from trials with successful acknowledgment of the target.
Self-regulation performance was assessed in the experimental
group only by deﬁning a single EV using a boxcar model containing
48 s rest and 48 s task conditions convolved with a pre-deﬁned HRF.
The feedback signal was ﬁt to the model using a GLM by applying a
weight of +1 to the EV, representative of one's ability to volitionally
up-regulate the left DLPFC. The resulting β-parameter was converted
to a t-statistic using standard statistical transforms.
Additionally, the BOLD data acquired from each functional localizer
and self-regulation runs were processed using the FMRIB Software
Library (FSL; Smith et al., 2004; Woolrich et al., 2009). Individual
(ﬁrst-level) analyses were ﬁrst conducted on each of the 4D fMRI data
sets. Prior to the individual analysis, the data sets were pre-processed
by applying a high-pass temporal ﬁlter (Gaussian-weighted least-
squares straight line ﬁtting, cut-off = 48 s) to each voxel. Motion was
corrected by registering each volume to the center volume of the data
set (rigid-body 12-parameter model; Jenkinson et al., 2002). A brain
mask was created from the ﬁrst volume and applied to each volume
(Smith, 2002). Spatial ﬁltering was implemented on each volume
using Gaussian convolution (full-width half-maximum of 5 mm).
Low-frequency trends were removed using a local ﬁt of a straight line
across time at each voxel with Gaussian weighting within the line to
create a smooth response.
A single EV was deﬁned by convolving a boxcar model contain-
ing 48 s rest and 48 s task conditions with a HRF (modeled by a
gamma function; phase offset = 0 s, standard deviation = 3 s,
mean lag = 6 s). The temporal derivative of the original waveform
was added to the result, allowing a small shift in phase which po-
tentially improves the model ﬁt to the measured data. The tempo-
ral ﬁlter described above was applied to the model, mimicking the
pre-processing conducted on the measured data. The data set was
ﬁt to the model using a GLM with prewhitening by applying a
weight of +1 to the EV, representative of activation during the
task (positive correlation with the model). Z-statistic maps were
created using standard statistical transforms to convert the β-
parameter maps. A clustering method allowed us to account for
false positives due to multiple comparisons. The method consid-
ered adjacent voxels with a Z-statistic of 2.3 or greater to be a clus-
ter. The signiﬁcance of each cluster was estimated and compared to
a threshold of p b 0.05. Voxels that either did not pass the signiﬁ-
cance level or did not belong to a cluster were set to zero. A mean
image of the data set was registered to the individual's high-
resolution structural image with motion estimated from a boundary-
based registration method including ﬁeldmap-based distortion correc-
tion (Greve and Fischl, 2009), then further registered to the MNI-152
T1-weighted 2 mm template provided in FSL (Collins et al, 1995;
Mazziotta et al., 2001) using a 12-parameter model (Jenkinson andFig. 4.Mixed-effects analyses of the functional localizer runs. The results illustrate consistent g
MNI-152 T1 2 mm standard atlas and displayed in radiological convention at the coordinate zSmith, 2001; Jenkinson et al., 2002). The transform responsible for
morphing themean image of each data set to the template was applied
to the Z-statistic maps in order to co-register all volumes in standard
space.
Group (higher level) analyses were performed using a mixed-
effects modeling method (Beckmann et al., 2003) and the individual
Z-statistic maps from each functional localizer and self-regulation
run. Although less sensitive to activation than ﬁxed-effects model-
ing, this method allows inferences to be made about the populations
from which our participants were selected by carrying the variances
from the individual analyses to the group. The resulting Z-statistic
images were thresholded using the clustering method outlined
above.
Results
Functional localizer
The experimental group Z-statisticmaps illustrate the consistency of
the activation patterns observed in the left DLPFC elicited during the
functional localizer across training (Fig. 4). The regions of activity ob-
served across all sessions align with those previously reported in a
meta-analysis (Owen et al., 2005). These areas include the lateral
premotor cortex, DLPFC, ventrolateral prefrontal cortex, frontal pole, in-
ferior parietal lobule, medial and lateral cerebellum, dorsal cingulate
cortex, medial posterior parietal cortex, and thalamus.
Self-regulation performance
Qualitatively, all participants reported an understanding of the in-
structions and procedures, and a high level of comfort during the proce-
dures. A wide range of mental/cognitive strategies were used during rt-
fMRI neurofeedback to attempt up-regulation of the left DLPFC. The
strategies of those most successful at voluntarily controlling the left
DLPFC includedmentalmath techniques (such as square roots, addition
of 3-digit numbers, and computing the Fibonacci sequence), recalling
recently learned techniques (such as programming languages), and
recalling items from short term memory (events from the past 24 h).
15 of 18 participants reported the perceived ability to successfully
self-regulate activity in the left DLPFC during neurofeedback training.
The time courses of the neurofeedback signal from a single partici-
pant can be used to understand the improvement of self-regulation
over the course of training (Fig. 5). For the ﬁrst session, the feedback sig-
nal is not reﬂective of rest and task instructions given to the participant
(t190=−3.704). In contrast, sessionﬁve shows a clear differentiation of
the task instructions (t190 = 13.509). The differential activity, in both
magnitude and extent, of the left DLPFC across training during self-
regulation is also illustrated in the group Z-statistic maps (Fig. 6), an
effect not observed for the functional localizer (Fig. 4). Across sessions,
the dorsal cingulate and right DLPFC were additionally recruited to aid
self-regulation of the left DLPFC. Quantitatively, a within-subjects
one-way ANOVA was performed using SPSS (IBM SPSS statistics for
OSX version 22.0, IBM Corp., Amonk, New York). This analysis revealedroup activation of the left DLPFC across sessions. All activation maps are projected on the
= 28 mm.
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sessions (Fig. 7; F(4,68) = 2.216, p = 0.038, sphericity assumed,
one-tailed).
Behavioral performance
Two by two (group by session) mixed-model ANOVAs were per-
formed on each of the task performance measures separately using
SPSS. The main effect of session was signiﬁcant for the n-back (Fig. 8A;
F(1,23) = 5.391, p = 0.0145, sphericity assumed, one-tailed) and CDT
graphical (Fig. 8C; F(1,23) = 11.689, p = 0.001, sphericity assumed,
one-tailed) tasks. The main effect of group was signiﬁcant for the CDTFig. 5. Time-courses of the feedback signal for one participant demonstrate the success of the rt-
fourth (D), and ﬁfth (E) training sessions is indicated by the light green circles. The dark green
(up-regulation) periods are marked accordingly.graphical task (Fig. 8C; F(1,23) = 3.019, p = 0.048, one-tailed) but not
for the n-back or CDT textual tasks (p N 0.05). The most interesting be-
havioral results are the CDT graphical and textual performance im-
provement for participants who received training plus rt-fMRI
neurofeedback from the left DLPFC was greater than those receiving
only training. This effect is evidenced by the signiﬁcant interaction be-
tween training and group for the CDT graphical (Fig. 8C; F(1,23) =
4.545, p = 0.022, sphericity assumed, one-tailed) and textual (Fig. 8E;
F(1,23) = 5.174, p = 0.0165, sphericity assumed, one-tailed) tasks but
not for the n-back task (Fig. 8A; p N 0.05). Post hoc, pairwise,
Bonferroni-corrected comparisons revealed that performance did not
vary across sessions in the control group for all three tasks (p N 0.05)fMRI neurofeedback training. The feedback signal during theﬁrst (A), second (B), third (C),
solid line in A–E indicates the best ﬁt model created by the GLM. Rest (baseline) and task
Fig. 6.Mixed-effects results of the self-regulation runs for the experimental group. The results illustrate an increasing activation, in both magnitude and extent, in the left DLPFC across
sessions. All activation maps are projected on the MNI-152 T1 2 mm standard atlas and displayed in radiological convention at the coordinate z = 28 mm.
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conﬁrms that the signiﬁcant interaction effect between training and
group observed in the CDT graphical and textual tasks is driven by an in-
crease in performance for the experimental group and not a decrease in
performance for the control group. These post hoc comparisons also re-
vealed that performance did not vary at session 1 across groups for all
three tasks (p N 0.05). However, a signiﬁcant difference of CDT graphical
(Fig. 8C; p = 0.0185 one-tailed) and textual (Fig. 8E; p = 0.049, one-
tailed) performance between groups was exposed on session ﬁve,
with the experimental group showing higher performance. This implies
the transfer of training supplemented with rt-fMRI neurofeedback to
the CDT graphical and textual tasks.
We also applied two by two (group by session) mixed-model
ANOVAs to each of the task reaction time measurements separately.
No main or interaction effects were detected for the CDT graphical or
textual tasks (p N 0.05). The statistical analysis for reaction time on
the n-back task revealed a signiﬁcant main effect of session (Fig. 8B;
F(1,23) = 7.261, p = 0.0065, sphericity assumed, one-tailed). Neither
the main effect of group nor the interaction effect reached statistical
signiﬁcance for the n-back task (p N 0.05). These results indicate that
n-back reaction time decreases similarly in the control and experimen-
tal groups across training.
Discussion
Our study investigated the effect of rt-fMRI neurofeedback on con-
scious control over the BOLD signal in left DLPFC and associated changes
in behavior. Our experimental group attempted self-regulationwith the
aid of rt-fMRI neurofeedback while the control group attempted self-
regulation without the additional aid of neurofeedback. For the experi-
mental group, the left DLPFCwas identiﬁed both anatomically and func-
tionally using an activation map produced during performance of the
n-back task performed at each of the ﬁve prior sessions.Fig. 7.Mean neurofeedback performance for each rt-fMRI neurofeedback training session
is indicated by the light green circles. The error bars represent 1 SEM. The result of linear
regression is represented by the dark green line (β= 1.078, p b 0.033).Previous studies have shown that rt-fMRI neurofeedback can be
used as a tool in learning to modulate BOLD signals from localized
brain regions but few have targeted the DLPFC. One study showed
that the DLPFC can be controlled using another form of neurofeedback:
low-resolution electromagnetic tomography (Cannon et al., 2007). Al-
though successful, Cannon et al. (2007) did not focus entirely on the
DLPFC; but instead on the manipulation of the entire fronto-parietal
right hemispheric network in overall attentional processes. In another
study, individuals gained the ability to self-regulate the BOLD signal in
the rostrolateral prefrontal cortex using rt-fMRI neurofeedback and
metacognitive awareness techniques (McCaig et al., 2011). Once again,
although the study focused on the prefrontal cortex, it did not speciﬁcal-
ly identify the DLPFC. Zhang et al. (2013a) speciﬁcally targeted the left
DLPFC for rt-fMRI neurofeedback. They revealed a progressive increase
in mean percent signal changes from a region representative of the
left DLFPC deﬁned post hoc. Furthermore, they reveal that behavioral
improvements of rt-fMRI neurofeedback outperformed training with
sham feedback. Together the literature indicates that individuals may
learn volitional control over the BOLD signal, and by inference the activ-
ity, of the DLPFC, an ability that may lead to unique improvements in
behavior.
In the presented study, individuals successfully learned to con-
sciously modify activity in the left DLPFC (Fig. 6), a region active in un-
conscious processes of WM and cognition. These results add to a
growing body of research that demonstrates the success of rt-fMRI
neurofeedback in teaching individuals to self-regulate localized brain
activity. Self-regulation of the left DLPFC was measured by computing
a t-statistic for the feedback signal from each session (Fig. 7). The t-
statistic is a measure of the ﬁt to the model which incorporates both
change in time course and level of activity with changing task instruc-
tions. This metric allowed us to better estimate self-regulation perfor-
mance than other studies which describe the ability to self-regulate
localized BOLD signals using only differences in percent signal change
across sessions (deCharms et al., 2005; Rota et al., 2009; Zhang et al.,
2013a; 2013b; Zotev et al., 2011).
Our results suggest that rt-fMRI neurofeedback can rapidly teach
individuals to self-regulate the left DLPFC. In our study, participants
underwent 32min of neurofeedback training divided across ﬁve sep-
arate sessions. This adds to a wealth of literature suggesting rapid
training of self-regulation from rt-fMRI neurofeedback, which has
been reportedly achieved within a single day (Berman et al., 2012;
2013; Caria et al., 2007; Chiew et al., 2012; deCharms et al., 2004;
Haller et al., 2010; Hamilton et al., 2011; Papageorgiou et al., 2009;
Posse et al., 2003; Rota et al., 2011; Sulzer et al., 2013b; Veit et al.,
2012; Yoo et al., 2012; Young et al., 2014; Zotev et al., 2011; 2013).
Although we did not attempt to train to maximum control, we
showed that 32 min of distributed neurofeedback training is adequate
to signiﬁcantly increase control over the left DLPFC. Given the cost of
fMRI, rapid training is important if this tool is to be developed as a treat-
ment for disease or performance enhancement in healthy controls.
Learning the upper limit of the ability to control BOLD signals is a
scientiﬁcally-interesting question, but is not necessary in obtaining
desired behavioral changes. Future work may examine the boundaries
Fig. 8.Behavioral effect of training. Each bar plots themean and standard error of n-back performance (A) and reaction time (B), CDT graphical performance (C) and reaction time (D), and
CDT textual (E) and reaction time (F) separated by session and group.
221M.S. Sherwood et al. / NeuroImage 124 (2016) 214–223of volitional control over brain activity and the resulting behavioral ef-
fects to determine the optimal training regimen.
The discussion of changes in the BOLD signal that accompany rt-
fMRI neurofeedback training would not be complete without the inclu-
sion of reasonable alternative hypothesis for the effects described
above. In the daily measurements of the BOLD effect, each participant
from the experimental group served as their own control. The ﬁrst day
was a baseline measure and changes in the BOLD effect were assessed
in the four additional sessions. This effect clearly shows the BOLD signal
from the left DLPFC during attempted self-regulation increases through-
out training. Further the majority of participants in the experimental
group reported successful control over the BOLD signal in their left
DLPFC. However the use of a within-subject control does not rule out
changes in the BOLD signal due to familiarization to the MR environ-
ment or carry-over effects from repeated practice of the n-back task.
In addition, the control procedures performed here do not allow us to
isolate the contribution of feedback during attempted self-regulation
to the measured increase of the BOLD signal across training. Future
work will employ additional control groups to assess these potential
confounds.
We expand upon the extant work by speciﬁcally targeting the left
DLPFC for neurofeedback, and combine neurofeedback trainingwith be-
havioral testing in an experimental group to examine the relationship
between self-regulation performance and WM. Behavioral testing was
performed using two computerized tests and was conducted outsideof the MR environment. These two tests were composed of three tasks
(n-back, CDT graphical and CDT textual). Five sessions of training inter-
vened the tests. One of these tasks, the n-back, was additionally per-
formed on each day of training. This was utilized by the experimental
group as the functional localizer to identify the left DLPFC. A control
group performed the exact same tasks with the same instructions, but
was not provided any formof feedback and trainingwas conducted out-
side of the MR environment.
Behavioral performance, measured by d′, was similar on theﬁrst day
of testing for both groups. Averaged between groups, performance im-
proved across training on the n-back and CDT graphical tasks, but not
the CDT textual. Group averages were found to differ signiﬁcantly for
only the CDT graphical task. Furthermore, the improvements in behav-
ioral performance across training varied between the two groups for the
CDT graphical and CDT textual tasks but not for the n-back task. These
interactions were shown to be driven by the increase across training
in the experimental group and not a decrease in the control group. Alto-
gether, this suggests training with and without rt-fMRI neurofeedback
transferred similarly to the n-back. Training alone did not transfer to
the CDT graphical or textual tasks however training supplemented
with rt-fMRI neurofeedback did.
Reaction time measurements did not vary between training with
and without rt-fMRI neurofeedback for the three tasks. Likewise, reac-
tion time measurements did not change across training for the CDT
graphical or textual tasks but was reduced on the n-back task following
222 M.S. Sherwood et al. / NeuroImage 124 (2016) 214–223training for both groups. These results indicate that reaction time did
not offer an advantage to either group. Combinedwith the lack of an in-
teraction between training and the two groups for the n-back task sug-
gests that the additional practice of the n-back task led to this effect.
The use of a pure behavior control group ensures that the reported
changes in CDT graphical and textual task performance are not due to
repeated practice of the n-back task. However, our choice of a
behavior-only control group outside theMRI did limit the set of hypoth-
eses we were able to explore. The experimental group completed train-
ing laying supine inside the MRI while the control group was seated in
front of a computermonitor. There were differences in the display char-
acteristics such as visual angle, brightness, and contrast. During
attempted self-regulation, the experimental group but not the control
was supplied with a feedback plot visualizing the BOLD signal from
the left DLPFC. The line plot in the feedback and CDT graphical task
had similar characteristics that may have led to a practice effect we
have not controlled for in this study. Participantswho received feedback
regarding the BOLD signal in the left DLPFCmay have participated in the
task more effortfully in the attempt of self-regulation and/or found suc-
cess to be intrinsically motivating. The samemotivators were not avail-
able to the control group who did not get the feedback display. Future
work will explore these potential confounds.
Conclusion
This study demonstrated that our technique of identifying the left
DLPFC using both functional and anatomical data results in rapid
training of conscious control over the BOLD signal with rt-fMRI
neurofeedback. Also training self-regulation aided by rt-fMRI
neurofeedback can improve task performance more than training
alone. Performance on the CDT graphical and CDT textual tasks im-
proved across training in unequal proportions with the group aided
by rt-fMRI neurofeedback showing higher improvement. Using the
techniques described in this experiment, future work can focus on
controlled studies to address the extent of transfer obtained with
training supplemented with rt-fMRI neurofeedback. There is a com-
plex and interesting future in research involving the degree to which
a human can be aware of and modify functional brain activity for
cognitive enhancement and the treatment of brain diseases.
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